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Abstract 
Background: Determining the habitat use of mobile marine species is important for understanding responses to 
climate change and aids the implementation of management and conservation measures. Inference of preferred 
habitat use has been greatly improved by combining satellite-based oceanographic data with animal tracking tech-
niques. Although there have been several satellite-tracking studies on ocean sunfish Mola mola, limited information is 
available about either horizontal or vertical environmental preferences. In this study, both geographical movements 
and diving behaviour of ocean sunfish were explored together with the environmental factors influencing this spe-
cies’ space use in the north-east Atlantic.
Results: Habitat selection of electronic-tagged sunfish (n = 22 individuals; 0.6–1.4 m total length, TL) was investi-
gated using geolocations from Argos-linked and pop-up satellite archival transmitters. Satellite tracking (up to 171 
days, mean 66 days) revealed seasonal movements: northward in spring–summer and southward in cooler months. 
Sunfish spent extended periods in three focal areas, the Gulf of Cadiz, north-east Iberia and the Alboran gyre, which 
are characterised by the presence of frontal features with elevated primary production. Habitat modelling revealed 
that sea surface temperature and thermal gradients significantly influenced sunfish distribution. Diving profiles, 
extending from the surface to a maximum depth of 704 m, revealed different depth-use patterns not linked to geo-
graphical region or water column stratification. Overall, a size-related movement pattern was detected with larger 
individuals (>0.92 m TL) travelling further, exploiting greater depth ranges and spending more time at depth than 
smaller fish.
Conclusions: Ocean sunfish in the north-east Atlantic displayed seasonal movements, primarily driven by thermal 
preferences, extending into higher latitudes in summer. Moreover, fish also occupied productive frontal areas for long 
periods, presumably for improved foraging opportunities. Lastly, sunfish showed considerable variability in diving pat-
terns which likely reflect the tracking of planktonic prey distributions.
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Background
Knowledge of seasonal movements and migratory routes 
is crucial for understanding the distribution of animal 
populations and represents a first step in the investi-
gation of the ecological mechanisms underlying spa-
tial dynamics [1, 2]. In marine animals that spend short 
periods of time at the water’s surface, such as pelagic fish, 
the understanding of seasonal movements is complicated 
by the difficulty of making sustained direct observations 
over the larger spatial scales relevant to migration [3]. 
However, in recent years, techniques such as electronic 
tagging have been developed to track marine species’ 
individual movements [4–6] by deploying diverse tag 
types [6–9]. Coupled with remote sensing of environ-
mental variables, satellite tracking has improved our 
knowledge of habitat selection patterns and fluctuations 
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in environmental preferences [10]. While movements 
are a measurable behavioural response to a combination 
of factors including internal states, physiological con-
straints and environmental variations [3], the description 
of important habitats relies on identifying the features 
underpinning species distributions [11].
A number of environmental variables have been 
linked to species distributions. For instance, water tem-
perature has been described as a major environmen-
tal driver of the movements of diverse marine species 
including bluefin tuna (Thunnus thynnus) [12], sword-
fish (Xiphias gladius) [13], blue shark (Prionace glauca) 
[8], mako shark (Isurus oxyrinchus) [14], salmon sharks 
(Lamna ditropis) [2] and loggerhead turtles (Caretta 
caretta) [15]. The aggregation of marine pelagic verte-
brates in areas dominated by steep thermal gradients 
such as tidal and shelf-break fronts, upwelling regions, 
mesoscale eddies and oceanic fronts has also been 
documented widely [for review, see 16]. Chlorophyll a 
was also found to influence the distribution and migra-
tion of marine predators such as loggerhead turtles and 
albacore tuna (Thunnus alalunga) [17] and whale sharks 
(Rhincodon typus) [18]. Hence, the importance of these 
oceanographic features is likely due to improved forag-
ing opportunities [19].
Several analytical techniques have been developed in 
the past few decades to model species distributions, from 
traditional null hypothesis testing to a more complete 
framework to test competing hypotheses [see review in 
20]. Current species distribution models usually relate 
field observations to environmental predictors, based 
on statistically or theoretically derived ‘surfaces’ of spe-
cies response to the habitats [21]. From regression-based 
techniques, such as generalised linear and additive mod-
els, to more sophisticated machine learning informative 
models [22], the basic concept of combining observations 
of species occurrence or abundance with environmental 
estimates has been widely explored [23–26]. Nonlinear 
response, occurrence or abundance of species can now 
be modelled within the occupied environmental spa-
tial area [e.g. 6, 23, 27]. Therefore, ecological relation-
ships between species and their resources (physical and 
biotic) can be determined, providing a central approach 
in many current analytical methods, including resource 
selection probability functions (RSPFs) [28]. RSPFs are 
a machine learning technique where the utilised habi-
tat is modelled versus the unutilised but available habi-
tat [28–31]. This model quantitatively characterises the 
probability of usage by accommodating both categorical 
and continuous features or variables, while facilitating 
the spatial structure to be incorporated with, for exam-
ple, remotely sensed environmental features [32]. When 
combined with geographical information systems, RSPFs 
can be a powerful tool for helping to understand poten-
tial resource usage of species.
The horizontal movements of the world’s heaviest tel-
eost, the ocean sunfish (Mola mola Linnaeus, 1758), have 
been examined in previous studies. Despite observed 
slow surface swimming speeds, sunfish are active swim-
mers capable of extensive horizontal and vertical move-
ments independent of ocean currents [33]. These 
increased movement rates were verified over both fine 
and broader scales using spatially accurate global posi-
tioning system (GPS) tags [34]. Satellite-tracking stud-
ies in the North Atlantic and in the north-west Pacific 
oceans have demonstrated that this species undertakes 
northward movements in spring and southward in late 
summer/autumn, thus displaying spatial changes consist-
ent with a seasonal, population-level migration linked 
to seasonal variations of sea surface temperature and/
or forage availability [34–37]. In the north-east Atlantic, 
the north–south migratory pattern may also be linked to 
increased abundance of preferred zooplankton prey at 
higher latitudes as waters seasonally warm [38].
Diel movement patterns were described for sunfish, 
with this species diving below the thermocline during 
daylight hours, while nocturnal dives were confined to 
the surface mixed layer [33, 34, 39]. Vertical distribution 
and space use of marine predators are expected to change 
in relation to characteristics of the water column, and/or 
due to alterations in the depth preferences of prey. Thus, 
the observed movements through the water column may 
well be an optimal foraging strategy [40], as extensive 
vertical movements increase the probability of encoun-
tering higher prey concentrations [4, 35, 41]. Hence, 
previous studies on ocean sunfish provided important 
insights into both horizontal and vertical movement 
dynamics. However, to understand habitat selection of 
a marine species it is important also to characterise the 
species’ unused habitat. Robust models, including the 
approach we employed here, have not been used in any 
region where sunfish have been studied.
The aim of the present study, therefore, was to exam-
ine the movement and distribution patterns of satellite-
tracked ocean sunfish in the dynamic habitats of the 
north-east Atlantic. Here, sunfish behavioural patterns 
are less well known due to the limited duration and low 
sample sizes of previous studies. We estimated the prob-
ability of habitat use by ocean sunfish in the region by 
applying a logistic model (RSPF) to a combination of 
environmental variables. Briefly, sunfish movements 
were integrated with sea surface temperature (SST), 
SST gradients (fronts) and primary productivity [34, 42]. 
Finally, diel vertical migrations (DVMs) and changes in 
these patterns in relation to the thermal structure of the 
water column were also investigated.
Page 4 of 19Sousa et al. Anim Biotelemetry  (2016) 4:7 
Results
From 2007 to 2013, 22 ocean sunfish were satellite-
tagged of which 18 (ranging in sizes from 0.60 to 1.40 m 
total length (TL); mean 0.92 m, see Table 1) successfully 
reported sufficient data for movement tracking. Of these, 
eight individuals were tracked with pop-off archival sat-
ellite transmitter (PSAT) tags able to store depth, tem-
perature and light-level data, providing both horizontal 
and vertical profiles. PSAT tags provided 9–43 geoloca-
tions per individual (mean 21), and tracking times var-
ied between 6 and 120 days (mean 55 days). To estimate 
the spatial inaccuracy of the UKFsst-corrected tracks, 
both longitude (σx) and latitude (σy) standard deviations 
obtained from the parameterised geolocation errors were 
calculated for the pooled data [43]. The median errors 
associated with the estimated longitude and latitude cor-
rections were 0.49° [0.31°–1.19°] and 1.19° [0.94°–1.96°], 
respectively. Thus, sunfish PSAT tracks had similar spa-
tial errors to those found previously [e.g. 44, 45]. The 
remaining 10 fish were monitored continuously via Argos 
receivers on polar-orbiting satellites, with one tag (#14) 
also recording depth and temperature data (see ‘Methods’ 
section). Of the obtained Argos locations, 60 % had loca-
tion classes (LC) 1–3 with reported error fields <1.5 km. 
Argos tagged fish were at liberty for 5–172 days (mean of 
66 days), with the total number of geolocations per indi-
vidual ranging from 18 up to 226 (mean 94). On average, 
the number of daily gaps (days) was 2.43, ranging from 
1 up to 69 days, with only two tracks having gaps longer 
than 20 days (Table 2). Sunfish reported from 0.2 up to 
10 positions per day (with an average of 1.6; see Table 3 
for details). Tracking location numbers during the year 
were not consistent, with 28 % of the retrieved positions 
corresponding to autumn; 29 % to spring; 32 % to sum-
mer and 11 % to winter months, the season with the few-
est sunfish positions. Moreover, on average, Argos tags 
remained attached for longer (96 days versus 58 and 55 
from Argos-GPS and PSAT, respectively) and provided 
the largest average number of positions (103 against 91 
Argos-GPS and 20 of PSAT). However, if weighted by 
days at liberty, Argos-GPS outperformed, in number 
of locations per tracked day (~3), both PSAT (0.5) and 
Argos (1) tags.
Distribution, horizontal movements and seasonality
Overall, tracked sunfish displaced between 17 and 
754  km from tagging locations (mean 317  ±  225  km), 
covering estimated total distances between 109 and 
3351 km (mean 777 ± 874 km). Visual inspection of the 
trajectories revealed a wide dispersal pattern in the region 
Table 1 Summary of all 22 sunfish tagged individuals in this study
PT poor transmission, DNR did not report
Type Id PTT Tagging date Pop-up date Tagging location Length (m) Days liberty Final date Geolocations (N)
PSAT 1 66943 28/02/2007 29/04/2007 Portugal 0.70 43 12/04/2007 17
PSAT 2 66944 28/02/2007 29/05/2007 Portugal 0.70 91 30/05/2007 18
PSAT 3 40401 08/08/2007 06/11/2007 Ireland 0.64 54 01/10/2007 35
PSAT 4 40398 12/08/2007 11/10/2007 Ireland 0.66 8 20/08/2007 11
GPS 5 75760 14/05/2008 – Portugal 0.60 15 29/05/2008 23
GPS 6 75761 14/05/2008 – Portugal 0.60 5 19/05/2008 50
PSAT 7 86398 21/08/2008 18/01/2009 Ireland 0.63 47 07/10/2008 15
GPS 8 75763 06/11/2008 – Portugal 1.00 95 09/02/2009 142
GPS 9 75762 18/05/2010 – Portugal 0.97 172 06/11/2010 125
GPS 10 99102 21/05/2010 – Portugal 1.00 9 30/05/2010 18
PSAT 11 107083 03/04/2012 01/08/2012 Portugal 0.80 41 14/05/2012 12
PSAT 12 107087 03/04/2012 01/08/2012 Portugal 0.75 34 07/05/2012 9
SPOT 13 66959 30/04/2012 – Portugal 0.93 64 03/07/2012 57
GPS 14 15122 18/05/2012 18/05/2013 Portugal 1.00 51 08/07/2012 59
SPOT 15 66960 09/05/2013 – Portugal 1.40 127 13/09//2013 148
PSAT 16 107085 10/05/2013 07/09/2013 Portugal 1.00 120 07/09/2013 43
GPS 17 133671 14/10/2013 – Portugal 1.25 73 26/12/2013 89
GPS 18 133672 19/10/2013 – Portugal 1.15 47 05/12/2013 225
PSAT – 86397 14/05/2012 11/10/2012 Portugal 0.93 – DNR –
PSAT – 86408 03/05/2013 31/08/2013 Portugal 0.85 – DNR –
SPOT – 40391 08/05/2013 – Portugal 1.05 – PT –
PSAT – 85693 09/05/2013 06/09/2013 Portugal 1.35 – DNR –
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(Fig.  1a), which was related to season, with a northern 
latitudinal movement evident in spring–summer and 
southern movement into warmer waters of the Mediter-
ranean or the north-west African coast observed dur-
ing the colder months of winter (Fig.  1b). Furthermore, 
tagged fish in northern latitudes off Ireland all moved 
south in late summer and autumn months (Fig. 1b). After 
removing from the analysis the sunfish tagged off Ire-
land, that likely bias the seasonal latitudinal differences, 
we continued to detect significant differences in distri-
bution by sunfish per season (Kruskal–Wallis H = 158.1, 
df  =  3, p  <  0.001). Noticeably, summer and autumn 
were the seasons where the widest latitudinal range was 
observed (increased standard deviations: autumn mean 
38.56°N  ±  3.205°; summer 38.72°N  ±  2.498°; spring 
37.64°N  ±  2.094°; winter 35.02°N  ±  1.64°), reflecting 
an expanded north–south distribution. On the other 
hand, when accounting for the tagging bias (by dividing 
the number of locations retrieved per number of tags 
deployed in each 25-km grid cell) we found that besides 
this wide distribution and the seasonality in movements, 
tracked sunfish also displayed high space use focused in 
three particular areas (Fig.  2a). Thus, after reducing the 
tagging bias, sunfish densities (estimated by the KDE on 
the normalised tracked positions) were still found pre-
dominantly in the Gulf of Cadiz region, north-west Ibe-
rian and the Alboran gyre.
Interestingly, the majority of sunfish tagged in spring 
off southern Portugal that did not display northward 
movements (n  =  6 out of 8) were individuals smaller 
than the average TL of all tracked sunfish (0.92  m). 
Hence, a size-based analysis was completed for both 
the distance from tagging (Additional file 1: Figure S1A) 
and daily displacement (Additional file  1: Figure S1B). 
Individual analysis revealed that sunfish larger than the 
Table 2 Summary of all 18 sunfish tracked in terms of daily gaps
*Gaps exceeding 20 days were excluded by splitting tracks when gap in middle of track (*) and removed completely when at beginning/end (**)
PTT GAPS Min. Gap Max. Gap
≥3d ≥5d ≥10d ≥20d
66943 5 4 2 0 0 11
66944 8 5 2 1 0 42**
40401 5 2 0 0 0 8
40398 0 0 0 0 0 1
75760 2 1 0 0 0 5
75761 1 1 1 0 0 12
86398 6 5 1 0 0 10
75763 11 1 0 0 0 9
75762 20 14 2 0 0 17
99102 1 0 0 0 0 9
107083 6 3 1 0 0 10
107087 4 2 1 0 0 13
66959 8 4 1 0 0 10
15122 1 0 0 0 0 3
66960 5 1 1 1 0 69*
107085 14 8 2 0 0 11
133671 10 2 1 0 0 10
133672 3 0 0 0 0 4
Table 3 Summary of tag type performance
Geolocations Days liberty Pos. per days liberty
GPS
 Average 91.38 58.38 2.86
 Max 225.00 172.00 10.00
 Min 18.00 5.00 0.73
PSAT
 Average 20.00 54.75 0.48
 Max 43.00 120.00 1.38
 Min 9.00 8.00 0.20
SPOT
 Average 102.50 95.50 1.03
 Max 148.00 127.00 1.17
 Min 57.00 64.00 0.89
All
 Average 60.89 60.89 1.60
 Max 225.00 172.00 10.00
 Min 9.00 5.00 0.20
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average TL of 0.92 m displayed significantly higher daily 
displacements (12570  ±  5920  m) than smaller indi-
viduals (8690  ±  4320  m) (t –test: t  =  5.55, df  =  157, 
p  <  0.001). This generally greater daily distance trav-
elled by larger individuals was also confirmed by the 
difference in the (cumulative) distance moved after 
tagging for the first 25  days, and when different track-
ing lengths with size and the initial limited movement 
period detected (in Additional file  1: Figure S1C) were 
both accounted for. Specifically, smaller individuals dis-
persed less overall (93,200 ± 38,500 m) than larger sun-
fish (128,600  ±  57,200  m) (t test: t  =  −2.61, df  =  23, 
p  <  0.05, Additional file  1: Figure S1C). This difference 
was maintained when analysing distances for the period 
post-tagging after those 25  days and up to the maxi-
mum days-at-liberty of the small fish (65  days) (t test: 
t = −3.05, df = 59, p < 0.05). Hence, even though smaller 
fish were tracked for shorter periods of time, our results 
suggest larger sunfish displaced farther from the tagging 
location.
Environmental integration of sunfish movements
Plots of sunfish latitudinal movements along the mean 
coastal SST showed that tagged fish experienced approxi-
mately the same thermal range, independent of latitude, 
time within the year, and of year, with the exception of 
2007. Overall, sunfish tracked outside the Mediter-
ranean experienced a SST range from 13 to 23  °C. This 
thermal envelope was found to be warmer for individu-
als that entered the Mediterranean (15–27  °C, Figs.  3, 
4). Sunfish also generally occupied waters of low pro-
ductivity (≤1 mg/m3 chlorophyll a concentration, where 
Chl a is a proxy for primary production), with sporadic 
encounters with productive ‘hotspots’ (from 5 to 16 mg/
m3). The integration of sunfish movements with Chl a 
also showed that although not tracking higher produc-
tivity regions, sunfish seem to avoid oligotrophic ‘colds-
pots’ (Fig.  3). Lastly, especially during summer months 
and except for the years 2007–2008, sunfish movements 
appear linked to maxima in temperature gradients. The 
preference for these thermal discontinuities (fronts) or 
Fig. 1 Map of tracked sunfish latitudinal components of positions per day. a Sunfish tracks individually coloured S1–S18, overlaid on bathymetric 
map. White dots denote tagging locations. b Seasonal latitudinal movements: dark blue spring; light blue summer; orange autumn and red winter
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the vicinity of these was clearer in the sunfish movements 
made towards the Mediterranean (Fig.  3). Thus, overall 
movements appear to generally ‘track’ a strict thermal 
envelope of SST and follow seasonally persistent thermal 
gradients, while avoiding oligotrophic regions.
Sunfish habitat preferences
To investigate the influence of the environment on sun-
fish movements, the habitat selected by tracked fish was 
compared to that available in non-occupied regions, 
thus providing predictive maps of sunfish occurrence 
in areas where they were not tracked. Overall, the most 
parsimonious RSPF model included all four variables 
(SST, SST gradients, SST anomalies and chlorophyll a 
concentration) (Additional file  2: Table S1 and Fig.  5). 
Model was validated by the GOF (Hosmer and Leme-
show) χ2 = 12.22, df = 8, p = 0.142. This model explained 
33 % of the sunfish habitat-use probabilities, and variables 
were selected based on Akaike weights [46] which speci-
fied the importance of each parameter for the model. 
Briefly, using the cross-validation property of AIC under 
repeated sampling, the full model has greater chances of 
being selected (45 % of the time), whereas a model with-
out chlorophyll a was ranked best 27 % of the time and a 
model without SST anomalies would better inform sun-
fish habitat selection for 28  % of the times. Importantly, 
models with no SST or SST gradients had negligible prob-
abilities of explaining the fish distribution (Additional 
file 3: Table S2). Therefore, sunfish habitat use was found 
to be strongly influenced by temperature, with fish avoid-
ing higher temperatures, preferring areas with sharp SST 
gradients and positive anomaly with regard to previous 
years, whereas chlorophyll a had no significance for the 
fish overall habitat selection (Additional file 3: Table S2).
Summer and autumn seasonal models were signifi-
cantly influenced by frontal regions approximated by SST 
Fig. 2 Kernel density estimation (KDE) of sunfish occurrence. a Overall sunfish tracked, b KDE of individuals of total length (TL) below the average 
0.92 m, c larger sunfish KDE
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Fig. 3 Coastal environmental integration of tagged sunfish a latitudinal and c longitudinal movements. Retrieved positions were overlaid on 
monthly averages of sea surface temperature, productivity and thermal gradients, at 0.25° increments from the coast for the tagging period. Right 
panels (b, d) with maps of respective tracks for comparison
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gradients, which was confirmed by the low wAIC when 
this feature is removed from the full models. With regard 
to chlorophyll a, although not significant, the negative 
effect was maintained in summer, spring and autumn 
months, while SST negatively influenced sunfish habi-
tat during summer and spring months. Despite being a 
significant driver of sunfish distribution in the general 
model, SST anomalies did not significantly influence the 
fish habitat selection seasonally. In winter, no variable 
was found to influence sunfish habitat directly (Addi-
tional file 4: Table S3). Ultimately, the seasonal predictive 
maps of sunfish habitat not only highlighted the north–
south migratory pattern across much broader scales than 
were visited by satellite-tracked fish (Fig. 5b–e), but also 
identified areas likely to support high sunfish densities, 
even though none were tracked in those areas. For exam-
ple, Fig. 5c indicates a high probability of sunfish habitat 
selection off the south-west peninsula of the UK which 
in previous studies has been shown to have high sunfish 
abundance in summer months [42, 47]. This indicates 
that satellite-track-informed environmental modelling 
can yield species seasonal distribution maps that show 
heterogeneities beyond the data used to parameterise the 
models (see Additional file 5: Table S4 for GOF results).
Diving profiles of sunfish
PSAT-tracked sunfish exhibited an extended vertical dis-
tribution, from the surface to a maximum depth of 704 m 
(480  ±  125  m). Analysis of the time at depth (TAD) 
revealed that overall, sunfish spent ~25 % of the time in 
the top 10 m layer; ~53 % between 10 and 100 m depth; 
and 12  % in depths exceeding 200  m, Additional file  6: 
Figure S2. In relation to individual size, we found that 
larger sunfish tended to spend significantly more time in 
deeper layers (below 250 m) (Spearman rank correlation: 
rs = 0.71, p = 0.03). Furthermore, we also found a posi-
tive correlation between the vertical extent of the water 
column used (maximum–minimum depth) and the total 
length of tagged individuals (Spearman rank correlation: 
rs = 0.710, p < 0.05).
Behavioural shifts in depth occupancy
A split moving window (SMW) analysis was used to 
detect significant discontinuities in depth use along 
individual diving profiles, which were then divided at 
these discontinuities into 19 sections that likely repre-
sent bouts of differing behaviour. All sections’ TADs 
were then examined to identify periods of either nor-
mal diel vertical migration (nDVM, where the animal is 
in deeper water during the day and shallower at night) 
or reverse DVM (rDVM, deep during the night, shal-
lower during the day). Of the 19 sections, 10 exhibited 
diel changing movements, with nDVM 42 % of the time 
and rDVM 11 % of the time (Fig. 6a, b). To our knowl-
edge, this is the first time rDVM has been observed in 
sunfish. The remaining nine sections showed no differ-
ence in diel movements. Overall, 32 % of the time sun-
fish showed a surface-oriented pattern, without deep 
incursions (Fig.  6c), whereas for the remaining 15  % of 
the time it was not possible to assign a specific behav-
iour as the fish exhibited similar depth occupancy both 
day and night, but were not restricted to surface layers 
(Table  4). Furthermore, no correlation between sunfish 
diel behavioural mode (normal, reverse or surface ori-
ented) and a specific geographical region was detected. 
Examples of the three diel diving patterns are given in 
Fig.  6. Variability of temperature with depth, retrieved 
from the PDT data for each summary bin, revealed 
water column stratification occupied by the sunfish. 
We found sunfish occupied well-mixed waters (53  %), 
frontal regions (32 %) and stratified waters (15 % of the 
time), but there was no strict link between diving pro-
file and water column stratification (Table  4). Lastly, 
diel temperature occupancy was analysed for the indi-
vidual sections determined by the SMW analysis and 
for each of the behavioural sections no significant differ-
ences were found in temperature use (K–S test, p > 0.05, 
respectively).
Fig. 4 Encountered SST and chlorophyll a histograms for all sunfish 
tracked locations. Black denotes tracks when in the Mediterranean 
(#14, #17–18) and white all the remainders
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Discussion
Movements of ocean sunfish in the north-east Atlantic 
were observed from 18 satellite-tracked individuals in 
this study, and we found significant size-based differ-
ences in the average daily movement distances and in 
the degree of apparent fidelity to an area. Furthermore, 
we detected a seasonal trend in the sunfish dispersal, 
with individuals tagged in spring moving northwards, 
whereas in winter a southern latitudinal preference 
was evident. We also detected focused residency areas, 
such as the Gulf of Cadiz, the north-west Iberian Pen-
insula and the Alboran gyre. Importantly, these focal 
areas were identified after accounting for potential 
spatial bias of the tagging site on the number of satel-
lite locations. Overall, sunfish movements in relation to 
changing environments were consistent with sunfish fol-
lowing thermal gradients (preferentially during summer 
months) and avoiding oligotrophic regions. Modelling 
sunfish habitat use, through RSPFs, confirmed that SST, 
thermal discontinuities and Chl a statistically influence 
the sunfish probability of occurrence. From the analysis 
of diving profiles of nine individuals (≤1.00 m), different 
vertical behaviours were found from nDVM, rDVM, sur-
face-oriented and an irregular profile with no diel pat-
terns being evident. In addition, we also recorded shifts 
in diving behaviour with no apparent link with water col-
umn stratification. Taken together, these results, despite 
relatively few individuals, confirm satellite-based biote-
lemetry and oceanography as a powerful tool, providing 
valuable new insights into shifting habitat selection by 
ocean sunfish.
Distribution, horizontal movements and seasonality: 
environmental integration of sunfish movements
In this study, movement patterns of tracked sunfish pro-
vided further support that this species moves to higher 
latitudes in warmer months of late spring–summer in 
the north-east Atlantic Ocean [34], similar to the pattern 
Fig. 5 RSPF model predictions for sunfish distribution in the north-east Atlantic. a Overall predictive distribution, for the tagging years and as a 
direct response to averaged sea surface temperatures, fronts and chlorophyll a; b seasonal predictive models for sunfish distribution, spring; c sum-
mer; d autumn and e winter. Black dots denote sunfish positions in each season
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Fig. 6 Example of tracked sunfish diving behavioural patterns and respective water column structure. Left panel shows the time at depth occupied 
by sunfish; central panel the corresponding TAT profiles; and right panel displays the water column structure—black line, determined from the 
recorded depths and temperatures, with dashed lines representing mean ± 1 SD. The three diel behaviours are a reverse DVM in frontal waters; b 
normal DVM in mixed waters; c surface-oriented behaviour in stratified waters
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found in the north-western Atlantic [37]. These north–
south movements have been linked to the ability of the 
species to cope with seasonal variations in temperature 
[34] and were also observed in the Pacific Ocean. Sun-
fish satellite-tagged off Japan moved northward as waters 
warm [36], and in the eastern Pacific, a higher seasonal 
occurrence with the warming waters off California sug-
gested a migratory activity also linked to SST [33]. Fur-
thermore, other marine predators, such as the blue shark, 
showed the same northward summer movements in the 
north-east Atlantic that are related to SST variations [8], 
and the long-term satellite tracking of both the leather-
back (Dermochelys coriacea) [48] and loggerhead turtles 
[15] also conform to this migratory pattern of higher 
latitudinal occurrence during summer periods. Similar 
to the leatherback turtle, sunfish also feed on gelatinous 
zooplankton, among other prey items [49], a feeding 
preference which may underpin the northwards move-
ment as waters warm and zooplankton blooms in high 
latitudes [38]. These zooplankton blooms have been 
documented to attract higher-trophic level species such 
as sharks, bony fish, turtles and seabirds [e.g. 16, 50, 51]. 
Our results provide examples of individual sunfish north-
ward movements apparently ‘riding a wave’ of optimal 
temperature envelope (increasing in summer) at higher 
latitudes (and SST gradients; Fig. 3a). However, the rela-
tionship between northward extent and maximum pri-
mary productivity was less clear by comparison. The 
subsequent southward movements with local decreased 
temperatures, together with the southward movements 
observed in sunfish tagged in Ireland [38], suggest a ther-
mal niche for sunfish that does not extend to the lower 
temperatures characteristic of higher latitudes in winter, 
with sunfish tracked in this study not occupying waters 
with SST lower than 9  °C. Interestingly, a clear size-
related residency versus larger-scale movements was 
found in the present study, with smaller sunfish remain-
ing closer to the tagging region as opposed to larger indi-
viduals, which undertook wider displacements into more 
oceanic waters.
Space-use analysis indicated site fidelity to areas in the 
Gulf of Cadiz (GoC), the north-east Iberian Peninsula 
and the Alboran gyre. These patterns of temporal resi-
dency (after reducing tagging site bias) were in regions 
of seasonal enhanced productivity. The area off western 
Iberia is characterised by an equatorward upwelling jet 
during the upwelling season from May to October. This 
upwelling-driven frontal region is an important ‘hot-
spot’ for marine biodiversity [7, 34, 52], characterised 
by elevated bioaggregation, where the interface between 
offshore warmer oligotrophic waters with cool, nutrient-
rich upwelled water has been shown to attract higher-
trophic level foragers [e.g. 7, 53]. Sunfish in this study 
were also found to spend longer periods in the vicinity 
of the Alboran gyre, within the Alboran Sea, which is 
known as the most productive area in the Mediterranean 
Sea [54]. Furthermore, the surface circulation in the GoC 
is directly linked to the north-eastern part of the North 
Atlantic subtropical gyre. A colder, open-ocean inflow in 
the region contrasts with the continental shelf warmer 
waters forming a frontal region [55]. Thus, although 
subject to seasonal and interannual fluctuations [56], 
this frontal area may be a major driver for the persistent 
occurrence of the smaller ocean sunfish we tracked in the 
region, mainly tagged during late spring and summer sea-
sons. The GoC area is a well-known spawning and devel-
opment region for other pelagic animals, including the 
European anchovy (Engraulis encrasicolus) [57], oceanic 
cephalopod paralarvae [58] and crustacean decapod spe-
cies such as the rose shrimp (Parapenaeus longirostris) 
[59]. Therefore, the elevated production in the coastal 
region of the GoC may be linked with a nursery area for 
younger stages of sunfish, by providing enhanced feeding 
opportunities that can support fast growth rates.
Sunfish habitat preferences
Although several studies have satellite-tracked the hori-
zontal movements of ocean sunfish [35–37], none has 
explored, in an analytical framework, the environmen-
tal factors driving this species’ distribution and habitat 
selection patterns. Here, we characterised the associa-
tions between sunfish and their immediate environ-
ment, using a presence versus available habitat design 
[28]. Our model of habitat selection revealed a spatial 
occupancy in the north-east Atlantic and in relation 
to water temperatures conforming to previous results 
in the region [34, 35] and elsewhere [36, 37]. Sunfish 
movements were related to a thermal envelope consist-
ent with an ‘escape’ from maximum temperatures in the 
southern region in warmer months of spring and sum-
mer (≥25  °C, see Fig.  3a). Likewise, the preference for 
frontal regions, also apparent in our model, has been 
described for other predators in the same geographical 
region as this study, linked to increased abundance of 
prey and thus, enhanced foraging opportunities [9, 51, 
Table 4 Summary of  the diving profiles patterns found 
for  sunfish PSAT tracked in  this study and  in relation 
to the water column structure (n = 19 sections were distin-
guished)
nDVM (%) rDVM (%) Other (%) Surface (%)
Stratified 12.5 0.0 0.0 33.3
Frontal 37.5 50.0 33.3 16.7
Mixed 50.0 50.0 66.7 50.0
%Total 42 11 15 32
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60]. Furthermore, our results confirm previous observa-
tions in the north-east Atlantic [42] and more recently in 
the Pacific, where sunfish were associated with upwelling 
frontal regions [61]. Animal movements are expected to 
be driven by environmental suitability to satisfy the spe-
cies intrinsic demands, such as feeding, which in turn is 
motivated by the abundance of prey [e.g. 19, 62]. Hence, 
despite not being significant the negative influence of 
chlorophyll a in the overall sunfish habitat selection is a 
somewhat counterintuitive result, given the expectation 
of increased occurrence of predators in highly productive 
regions. One possible explanation for this is that sunfish 
do not track primary productivity directly, but rather 
move northwards as preferred thermal conditions extend 
latitudinally and coincide with zooplankton blooms that 
then occur seasonally. Importantly, with the exception 
of a few months, a temporal mismatch between primary 
production and zooplankton was detected in the monthly 
patterns of phytoplankton and total copepod abundances 
(zooplankton) for the Goban Spur region, North Atlantic 
[63]. Lastly, the modest positive influence of SST anom-
aly in the overall habitat selection of sunfish may reflect 
longer-term trends in migratory patterns of the species.
Sunfish seasonal occupancy in the area predicted by the 
logistic RSPF is consistent with the inference from our 
satellite-tracked movements, thus showing the utility of 
the model for making accurate broad-scale sunfish hab-
itat-use estimates. The modelled habitat distribution also 
identified probable high-use areas not visited by tracked 
sunfish. For example, the sunfish ‘hotspot’ predicted off 
south-west England (Fig. 5c) has been validated by ship 
and aerial surveys with high sunfish abundances reported 
in previous studies [42, 47]. This emphasises the value of 
understanding how sunfish use habitats at the population 
level and across their distributional range. Understanding 
the relation between sunfish and the environment within 
a model allows the determination of potential habitats, 
ultimately improving our ability to predict future shifts 
in the population distribution due to environmental 
changes [64].
In this study, the seasonal sunfish movement towards 
northern latitudes during summer was correctly esti-
mated by the model (Fig. 5c) and may be explained by the 
avoidance of high temperatures at southern latitudes dur-
ing warmer months. During summer, the increased water 
temperatures in the region might drive sunfish north-
ward, with the fish possibly moving away from exces-
sive temperatures while also tracking the intense frontal 
region off western Iberia, which in summer is character-
ised by a strong upwelling phenomena approximated by 
significant positive SST gradients in the model. In winter, 
the model correctly estimated the southern movements 
of sunfish (Fig.  5e), which conform to the suggested 
thermal tolerance for this species (above the minimum 
of 9.9  °C) [35]. Similarly, the identified southern move-
ment of sunfish during cooler months, either to warmer 
Mediterranean waters or along the north-west African 
upwelling region, revealed a good approximation of our 
model to the broad-scale distribution of sunfish in the 
region. The negative influence of primary productivity 
found in our overall model was maintained during sum-
mer, spring and autumn months. Hence, the preference 
for other environmental conditions, such as the strong 
thermal gradients representing frontal regions, may be 
of more importance for the species distribution than pri-
mary productivity per se. Importantly, sunfish likely feed 
on organisms that consume primary productivity (e.g. 
phytoplankton), and thus, the negative chlorophyll a esti-
mate likely reflects the presence of sunfish prey.
In summary, the overall predictive map of sunfish 
habitat selection generated probable habitats for sunfish 
across much broader scales than was possible with the 
obtained tracking locations reported in this study, but 
which seem consistent with incidental reports of sunfish 
hotspots [42, 47]. These results with relatively few indi-
viduals confirm the usefulness of the integration of satel-
lite-based biotelemetry with oceanography in improving 
our knowledge into shifting habitat selection by a marine 
predator. The methodology employed to account for the 
different tracking systems (Argos and light-level) spatial 
inaccuracies ensured the incorporation of a more com-
plete tracking data set covering all seasonal periods, and 
thus informed the spatial dynamics and environment-use 
of the ocean sunfish.
Sunfish diving profiles
Vertical diving records from ocean sunfish revealed a 
consistent broad range of depths in all nine individu-
als for which there was depth data, with sunfish occu-
pying the water column from the surface to 704  m 
(480  ±  125  m). This vertical range varied with tracked 
individuals’ size, even though they did not exceed 
1.00 m TL. The larger individuals displayed significantly 
extended depth amplitudes and increased time in deeper 
layers (>250 m), which may reflect sunfish tracking verti-
cally migrating prey [34]. Importantly, current shear will 
disperse the scents and tastes [65] and sunfish will likely 
have a greater chance of encountering a prey/food trail 
by searching vertically through the layers. Moreover, the 
recent fine-scale tracking of sunfish off Japan leads the 
authors to suggest that large body mass enhances the 
ability of the species to cope with vertical temperature 
gradients [66]. Our results of greater time in deep water 
for larger fish are consistent with this observation.
Overall, our analysis confirmed the predominance 
of an overall nDVM behaviour in sunfish [33, 35, 36]. 
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However, several other patterns were detected and our 
study suggests that in the north-east Atlantic sunfish of 
smaller sizes (≤1.00 m) exhibit different diel depth pref-
erences, with the first indication of a reverse DVM being 
observed. Sunfish are known for significant deep dives, 
and it was suggested that time spent at the surface would 
be a mechanism to compensate for the heat lost at depth 
in colder waters [33]. This was recently confirmed in a 
study with sunfish tagged off Japan, where the authors 
described a thermoregulatory behaviour occurring at 
a scale of several minutes [66]. In our study, however, 
the coarse resolution of our depth data makes a similar 
investigation impossible. Further sunfish tracks, provid-
ing high-resolution dive profiles (minutes), would be 
required to identify such finer-scale behaviours in this 
region [66]. Importantly, our results show that the depths 
sunfish occupy during the day and night do not vary 
geographically, with all vertical behavioural patterns (at 
different times) occurring in all areas. Strikingly, SMW 
identified significant differences in sunfish behaviours 
with no linkage to a specific water column structure. All 
four behavioural modes (nDVM, rDVM, surface oriented 
and other) were found in both frontal and well-mixed 
waters, and when in stratified waters sunfish performed 
either nDVM or surface-oriented patterns (Table  4). 
Hence, although significant changes in the vertical 
behaviour of sunfish were found, there was no clear link 
between fish behaviour and the thermal structure of the 
water column.
Sunfish DVM has also been proposed to be a forag-
ing strategy [33, 35, 36], with fish potentially tracking 
DVM of gelatinous prey in the water column [67]. Simi-
larly, the archival tracking of the plankton-feeding bask-
ing shark together with zooplankton monitoring with 
nets and echosounders demonstrated that this shark 
undertakes rDVM in frontal habitats that are dominated 
by Calanus copepods exhibiting rDVM to avoid preda-
tory invertebrates (chaetognaths, arrow worms) [10, 68], 
whereas in stratified waters they exhibit nDVM [10]. In 
this study, sunfish rDVM was performed equally when in 
frontal regions and well-mixed waters, whereas nDVM 
and surface-oriented behaviours occurred in all three 
water column structure types. Another predator of gelat-
inous plankton, the leatherback turtle, was found to dis-
play daily deep diving in some areas, and shallow diving 
with no diel patterns in others, probably mirroring prey 
behaviour [19]. High-resolution vertical profiles of jelly-
fish, a known prey for sunfish [66], revealed, however, the 
lack of a systematic day–night shift in depth [67]. Fur-
thermore, stable isotope analysis suggested an ontoge-
netic shift in the dietary habits of sunfish both in the 
Mediterranean Sea and off Japan [69, 70], with smaller 
sunfish focusing within coastal food webs, while larger 
individuals mainly feeding on vertically migrating prey 
in deeper waters. Here, sunfish tracked with PSAT stand-
ard depth tags were small (≤1.00  m), and for individu-
als this size, prey preferences are less clear. Yet, it seems 
likely that a combination of both benthic crustaceans 
and gelatinous, vertically migrating species may be con-
sumed by fish this size [69, 70]. Hence, the highly vari-
able diving patterns recorded in our study confirm these 
assumptions, further supporting the broad feeding habits 
of smaller sunfish. Altogether, these results suggest wide-
spread behavioural variability in the diving patterns of 
ocean sunfish, similar to several other generalist preda-
tors, and probably in response to diverse prey distribu-
tions and/or behaviours.
Conservation and management implications
Understanding how environmental factors influence 
vertical distribution patterns is important for marine 
resource management and conservation. Despite the low 
commercial importance of sunfish for fisheries world-
wide, increased bycatch of this species [49] urges a better 
knowledge of this species’ spatial dynamics. Sunfish are 
a common incidental capture in different fishing fleets 
operating worldwide [see review in 49], and quite often 
this species is observed in longlining operations at the 
North Atlantic (G.M personal observation). In our study, 
sunfish were found associated with frontal areas, which 
are known to be intensively selected by fishing operations 
in the north-east Atlantic [9]. Analysis of the space use of 
longliner fleets operating in the region (Additional file 7: 
Figure S3) suggests an overall high vulnerability of sun-
fish to longlining activities. Additionally, the increased 
time sunfish spent between 0 and 200  m in this study 
raises concerns, as this is the depth range across which 
longliner’s hooks are deployed, depending on both tar-
get species and the wind or current strength [71]. There-
fore, a better understanding of a marine species space 
use as presented here is crucial for important conserva-
tion measures, such as the implementation of high seas 
marine protected areas (MPAs) for large pelagic preda-
tors. Hence, further integration of this spatial usage anal-
ysis with fisheries activities is urgently needed.
Conclusions
In summary, by satellite-tracking 18 individuals in the north-
east Atlantic our study has revealed a broad range of vertical 
and horizontal movement patterns in sunfish. We identi-
fied seasonal movements, with sunfish favouring northern 
latitudes in warmer months, whereas in colder periods the 
species tended to reside at more southern locations. Despite 
these clear seasonal patterns, longer tag attachments pro-
viding yearly recordings for this species are desirable to 
confirm migratory behaviour. In addition, we documented 
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spatial focal residency in highly productive regions, with 
track-estimated habitat selection being driven by sea surface 
temperature and highly influenced by thermal gradients. 
Moreover, four different diving behaviours were recorded 
indicating similarities between sunfish and other marine 
vertebrates. Observed patterns are probably associated with 
prey behavioural differences as no geographical or water 
column stratification dependencies were found. Moreover, 
even though no adult sunfish [larger than 1.40 m; 72] were 
tagged in this study, we have identified a size-specific pattern 
in both horizontal and vertical movements. We found larger 
sunfish travelled longer distances while exploring increased 
depth amplitudes, where they stayed for longer, compared 
to smaller individuals. From previous studies, sunfish was 
found to have different trophic associations in relation to 
fish size [69, 70] and our results are consistent with divergent 
prey preferences and feeding strategies.
Methods
Tagging
Between February 2007 and October 2013, a total of 22 
ocean sunfish were fitted with three different electronic 
tag types: pop-off satellite archival transmitters, PSATs 
(PAT-MK10, Wildlife Computers); Argos Platform Termi-
nal Transmitter, PTT (SPOT5, Wildlife Computers); and 
an integrated Fastloc™ global positioning system, GPS tag 
(Wildlife Computers and Sirtrack Ltd). The majority of 
sunfish were tagged in a set-net targeting tuna, off Olhão, 
southern Portugal, where, on a daily basis, a large number 
of healthy individuals are passively captured and released. 
In addition, three individuals were tagged off Ireland with 
PSAT tags, by approaching slowly in a rigid inflatable boat 
and throwing a cast net over the fish which was then hand-
captured. Tethered tags were placed at the muscle near 
the base of the dorsal fin prior to 2013, after which the tag 
was attached to the basis of the caudal fin. A total of three 
SPOT5 tags were attached to sunfish, using stainless steel 
bolts, washers and nuts provided by the manufacturer. 
Tags were placed near the tip of the dorsal fin to maxim-
ise chances of transmission when the animal was near the 
surface. Fastloc-GPS tags mounted in a cylindrical hous-
ing were attached externally to eight fish, via a 1.5-m tether 
of 200-lb test monofilament line and alloy crimps. The 
remaining 11 individuals were tagged with PSATs (Mk10) 
tags secured externally to the base of the dorsal fin, using 
a 0.5 monofilament line of ~0.30 m and alloy crimps. Of 
these 22, four tags did not report and/or reported very few 
records so locations were not considered in the analysis.
Track processing
Argos positions were obtained for two SPOT5 tracked 
fish and eight Argos-linked Fastloc™ GPS tags and 
were calculated via the Doppler shift of consecutive 
transmissions via Argos satellites (CLS Argos). This 
system provides positions with variable accuracy from 
150 m (LC 3) up to 10 km (LC B, [73]). To improve loca-
tion estimates, biologically implausible locations were 
first removed using a 5 ms−1 point-to-point swim speed 
filter, together with any points that fell on land (n = 3).
Light intensity recorded by the PSAT tags was pro-
cessed using the manufacturer’s software (WC-GPE, 
global position estimator program suite) to determine 
midday or midnight for longitude estimation, and day 
length for latitudes. An inbuilt state-space model, the 
unscented Kalman filter—UKFsst, [74], was then applied 
to the raw location estimates to correct anomalous posi-
tions, using SST data from Reynolds at 0.25° NOAA 
Optimum Interpolation. Thus, most probable tracks were 
obtained after removing improbable locations (n = 14).
Given the irregular temporal scale of both Argos and 
light-level data, a Kalman filter was applied to the cor-
rected tracks, implemented in the ‘crawl’ package in R 
software, interpolating all tracks into daily positions. 
Argos positions were parameterised with the constant (K) 
error model parameters for longitude and latitude imple-
mented in the crawl package [75]. UKFsst geolocations 
were parameterised with standard deviation (SD) con-
stants (K) which produced the smallest mean deviation 
from concurrent Argos positions as described by Sippel 
et al. [44]. To avoid inaccurate interpolations, gaps exceed-
ing 20  days were removed and respective tracks were 
split into sections [6], so no extra bias due to interpolat-
ing across large gaps was added. Tracks were then plot-
ted using ArcGIS geographical information system (ESRI 
Inc, CA, USA), where home range (95 % minimum convex 
polygon—MCP) was estimated. Furthermore, to reduce 
deployment area biases, mean days per grid cell was cal-
culated as the ratio between the total number of positions 
within each cell and the number of respective tags [7]. Spa-
tial usage from all individuals was then inspected by means 
of a kernel density estimator (KDE) using this weighted 
tracks. This way, position data set density is normalised by 
the tracking effort per cell, and hence, we objectively quan-
tified sunfish high-use regions [7].
Distribution per season and sunfish size
Sunfish distribution was first inspected in relation to sea-
son and categorised as follows: winter (December–Febru-
ary); spring (March–May); summer (June–August) and 
autumn (September–November), with latitudinal occu-
pancy of fish being explored regarding the time of year. A 
single-factor analysis of variance on ranks (nonparametric 
Kruskal–Wallis test) examined seasonal movement differ-
ences. As fish tagged in Ireland (n = 3) may bias the vari-
ability found in occupied latitudes, these data sets were 
removed from this seasonal analysis. Since different size 
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fish were tracked in this study, we also investigated the 
possible link of detected movement patterns in relation to 
the average TL of 0.92 m. Thus, individual daily distances 
and cumulative displacements were examined per size 
class (smaller and larger than 0.92 m). Accounting for size-
dependent track lengths and the apparent-limited move-
ment found after tagging (Additional file  1: Figure S1C), 
both small and large sunfish daily cumulative displace-
ments were examined for two periods: first 25 days—initial 
limited movement period detected; and post-25 days up to 
the maximum tracking period of small sunfish.
Environmental integration and modelling of detected 
movements
To integrate sunfish movements in the encountered 
environment, the following environmental features were 
analysed: sea surface temperature (SST—from AVHRR 
V2 NOAA Optimum Interpolation 1/4 Degree Daily Sea 
Surface Temperature Analysis); SST anomalies with refer-
ence to previous years for temporal variability detection; 
SST gradients (thermal gradients measured as the differ-
ence from the surrounding SST pixels when compared to 
the central, occupied pixel) and chlorophyll a concentra-
tion (mg/m3) for case 1 water from MODIS Moderate 
Resolution Imaging Spectrometer, GlobColour level-3 
Product 1/4 Degree Weekly), as a proxy for primary pro-
duction. Large-scale PSAT tracking system-associated 
errors were accounted for in the environmental extrac-
tion by calculating an average of the surrounding 5 pixels 
(5 × 5 matrix) for light-level locations (totalling 125 km2 
and encompassing the PSAT error of ~111 km [44, 45]). 
Afterwards, latitudinal movements of sunfish were com-
pared to temperature (SST), frontal regions (SST gradi-
ents) and productivity (Chl a) along the fish’s occupied 
region. Briefly, we calculated average SST, Chl a and SST 
steep gradients for each latitude from 30 to 52°N in 0.25° 
latitudinal steps and longitudinally for the area between 
−12 and −2°W at the same incremental steps.
To model sunfish distribution in relation to the environ-
ment, we used a resource selection probability function 
(logistic RSPF) with maximum likelihood estimates and 
nonparametric bootstrap standard errors. To account for 
the spatial error around real individual geolocations, we 
randomly resampled the sunfish location 30 times within 
respective tag-specific longitudinal and latitudinal Gauss-
ian errors [0.12° for Argos following 76] [and 1.08° latitude 
and 0.53° longitude in PSAT according to 44]. Thus, aver-
aged environmental features from the resampled locations 
were assigned to each of the original corrected locations 
and only records with complete environmental description 
were maintained in the analysis. For each tracked sunfish, 
both turning angles and step lengths were calculated and 
frequency distributions delineated. Based on this step, a 
total of 100 null tracks (pseudo absences) per real trajectory 
were simulated. The initial position for these null tracks was 
randomly set within the actual tagging location error field 
while accounting for each system localisation uncertainty, as 
stated above [44, 76]; the initial turning angle was derived 
from a uniform distribution. Discrete steps and turning 
angles were then drawn from each individual real step-
length and turning angles distributions, with the former 
limited by the actual number of individual steps for each 
tracked fish. In between each position, erroneous locations 
on land were identified and replaced by new step-length and 
angle and the resultant simulated tracks were constrained 
to the 95 % home range MCP of tracked fish. To reduce the 
spatial autocorrelation between positions, only consecutive 
positions separated by 1/3° were maintained and used in the 
model computation. This step was performed in both real 
and simulated tracks, and the 1/3° was chosen to encompass 
the resolution of the environmental features selected.
RSPF model included SST, Chl a, gradients of SST and 
anomalies of SST, all treated as explained above. Analy-
sis of colinearity among the selected variables was per-
formed using Spearman rank correlation matrix, but no 
significant correlation was found for the set of environ-
mental features extracted. Best model was obtained by 
using Akaike values (AIC) after removing each variable 
at a time, using ‘qpcR’ package in R, and included all vari-
ables given the absence of a null Akaike weight (wAIC) 
associated with each reduced model. Final models were 
then run as follows: (1) a general modelling of the overall 
sunfish habitat selection was performed using all candi-
date variables and sunfish records; (2) seasonal models 
were run by splitting the record data set into each sea-
son. Finally, both overall and seasonal model probabilities 
were mapped for visual inspection. Following [46], varia-
bles’ significance was inspected by comparing the perfor-
mance of different models from which each variable was 
removed sequentially, using the cross-validation property 
of AIC under repeated sampling (wAIC). Model overall 
deviance was then calculated as the ratio between the dif-
ference between the full model and the null model devi-
ances (no variables incorporated) with this null deviance 
[77]. Model validation (Hosmer and Lemeshow goodness 
of fit—GOF) was assessed for all generated frameworks.
Sunfish diving behaviour
Vertical profiles were derived from PSAT and one Fast-
loc-GPS™ satellite relayed depth data, i.e. summaries of 
depth and temperature utilisation binned at 4 (PSAT) or 
6 h (Fastloc-GPS™), depending on the tag programming 
set-up. This data set was processed using the manufac-
turer’s software and then analysed by means of a custom-
written function in R software for PDT time at depth 
(TAD bins 0, 5, 10, 20, 30, 50, 70, 100, 150, 200, 250, 400, 
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600 and >600 m) and time at temperature (TAT bins 2, 
4, 6, 8, 10, 12, 13, 14, 15, 16, 17, 19, 21, >21  °C) analy-
sis. Diel periods were split following algorithm provided 
by the National Oceanic & Atmospheric Administration 
(NOAA) in the website http://www.esrl.noaa.gov/gmd/
grad/solcalc/sunrise.html. Data from bins encompassing 
either sunrise or sunset hours were excluded from the 
analysis, assuring no night hours are wrongly considered 
in daylight period or vice versa. Diel depth and tempera-
ture data were then plotted as frequency histograms by 
summarising both the TAD and TAT matrices into a 24-h 
window and by averaging the depth (or temperature) 
attained at every four (or six) hours. A total of nine indi-
viduals were tracked with these depth recorders, of which 
only two had lengths greater than the averaged 0.92 m in 
this study, which hampers statistical analysis per sunfish 
size class. However, correlations (Spearman rank correla-
tions, as data failed normality test) of time spent at deep 
layers (>250  m) and surface (≤5  m) were run per indi-
vidual to inform on possible size differences in vertical 
usage. In addition, using information recorded on both 
minimum and maximum depth (from the retrieved PDT 
data) the vertical extent was summarised per individual 
sunfish. Spearman correlations were also computed to 
determine whether water column occupancy amplitudes 
varied with sunfish sizes.
To detect changes in depth occupancy, the TAD matrix 
was inspected using a modified version of the split mov-
ing window method (SMW) to detect significant shifts in 
time-at-depth data defining behavioural phases [8]. This 
method comprises a variable-sized split window with 
temporal scales ranging from 4 h up to 5 days to calcu-
late dissimilarities between the two halves of the win-
dow along the time steps of the vertical track. Euclidean 
dissimilarity between different halves is then assigned 
to the centre of the window. The process was repeated 
moving one step forward until the window reached the 
end of the data series. Statistical significance of dissimi-
larities for each window central point denote where the 
profile should be split (see [4, 8]). Diel vertical habitat 
use (TAD and TAT) was then analysed per sunfish tra-
jectory section. To compare daytime and night-time 
temperature preferences within each SMW section, we 
used nonparametric two-sample Kolmogorov–Smirnov 
(K–S) tests for the TAT obtained, in R. Lastly, retrieved 
PDT data of simultaneous depth and temperature infor-
mation at each temporal interval (4 or 6 h) were used to 
characterise sunfish occupied water column (revealed by 
the variance of temperature with depth). Briefly, averages 
derived from the minimum and maximum temperatures 
recorded for each depth bin occupied within the 4 or 6 h 
summarised data set, were calculated. Final means and 
standard deviations for each depth recorded (m) with 
associated temperature were then computed pooling 
from each of the sunfish SMW determined section.
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